Determination of soil hydraulic parameters at field scale is of great importance for modeling soil water dynamics and for agricultural water management practice. The parameter regionalization has been a hot topic for many decades in soil science and hydropedology. Based on the statistical description and spatial structure of the soil physical and hydraulic properties measured via soil sampling in the field, three inverse modeling approaches had been proposed to obtain the effective hydraulic parameters. The validity and effectiveness of the three approaches had been discussed by designing four simulation scenarios (a 'fine scale solution' plus the three upscaling approaches). For each inverse modeling, the soil water distribution along the profiles and their dynamics during seven growing seasons (from the year of 2000 to 2006) in the study area had been simulated through the combined use of HYDRUS-1D and PEST. Results demonstrated that the effective soil hydraulic parameters derived from all the three approaches were comparable and fairly close to the 'fine scale solution'. Although, statistics of the hydraulic parameters indicated that the median of K s of first soil layer, as compared to that of other layers, was most closest to the effective K s values that were obtained through the three upscaling approaches; while the median of θ s values for the top three layers was close to the effective θ s values in scenario 2 and scenario 3, but fairly smaller than that in scenario 4. The soil water dynamics were not sensitive to the residual soil water content (θ r ), even though the θ r showed quite different distribution pattern from that of K s and θ s . In conclusion, the practice of combining the PEST with the HYDRUS-1D provided an effective and reasonable method to inversely determine the effective hydraulic parameters of the equivalent soil profile in the field.
Introduction
Soil hydraulic properties are by far the most important land surface parameters to govern the partitioning of soil water fluxes at a range of spatial scales (Mohanty, 2013) . A very good knowledge of the 'withinfield' spatial variability of soil properties and water distribution and its temporal dynamics is of prime importance to estimate field areal soil water productivity (Jhorar et al., 2002) . However, an obstacle to the practical application of soil hydraulic properties at the field, catchment, or regional scale is the difficulty of quantifying the "effective" soil hydraulic functions (Feddes et al., 1993; Ahuja et al., 2010) . It is intensified by the fact that soil water movement is mainly controlled by the soil properties which are characterized by a small measurement support. Therefore, accurate estimate of the soil hydraulic parameters at the application scale of interest is critically important to the models simulating flow and transport through the vadose zone (Vrugt et al., 2008) .
A number of field and laboratory measurement techniques have been developed (Klute and Dirksen, 1986) and research has continued with the objective of improving the measurement of hydraulic parameters and analytical techniques (Kosugi, 1996; Vachaud and Dane, 2002) . However, for practical consideration, general experimental procedures are time consuming, costly; in addition, most of these procedures have focused on relatively small soil cores or support area (Arya and Heitman, 2010) . Unfortunately, many contributions to the soil science and hydrology literature have demonstrated an inability of these laboratory-scale measurements on small soil cores to accurately characterize flow and transport processes at larger spatial scales. Thus, it necessitates the development of alternative methods to derive the soil hydraulic properties at the application scale of model. As a result, indirect methods to obtain soil hydraulic parameters have gained popularity (Schaap and Leij, 2000; Priesack and Durner, 2006; Rucker, 2010) .
Geologic formations are heterogeneous at various length scales. Such a critical length scale marks the transition towards hydraulic non-equilibrium where water content and water potential are not directly coupled anymore by a static retention characteristic. At this point the application of Richards' equation starts to be doubtable (Vogel et al., 2010; Szymkiewicz et al., 2012 ). An alternative approach is to Geoderma 264 (2016) [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] [40] [41] predict the mean flow and transport behavior at the field scale by defining an equivalent homogeneous medium with upscaled (effective or macroscopic) flow and transport properties (Yeh, 1998) . However, to represent a heterogeneous medium by its homogeneous equivalent, one needs to estimate the effective flow and transport properties that represent this equivalent homogeneous medium.
There are different approaches for scaling of soil hydraulic properties and soil water processes in heterogeneous porous media (Vereecken et al., 2007) . The strengths and limitations of those methods have been previously discussed (Sadeghi et al., 2014) . Among many of those approaches, inverse modeling provided a useful tool to estimate the effective parameters of an equivalent soil column at different spatial scales. In Chrysikopoulos (1995) , effective parameters for flow in saturated porous media were obtained by considering both periodic and stationary porous medium properties. The results showed that the effective hydraulic conductivity is equal to its volume average plus a term expressing the effect of the locally variable hydraulic conductivity. Hughson and Yeh (2000) presented an inverse model using a successive linear estimator approach for estimating unsaturated hydraulic parameters during transient, three-dimensional, variably saturated flow. Khaleel et al. (2002) used stochastic theory-based analytical formulas and numerical Monte Carlo simulations to obtain upscaled (effective) flow and transport properties to represent a heterogeneous unsaturated medium. More recently, Erdal et al. (2012) investigated the reliability of inverse modeling for finding the effective hydraulic parameters in three different heterogeneity structures (random, periodic and layered). In Sadeghi et al. (2014) , a new solution for prediction of the effective unsaturated hydraulic conductivity of layered soils was presented and evaluated. Shafiei et al. (2014) demonstrated that simulation uncertainty in soil moisture at field scale is relative small and a good model performance was obtained. The typically used effective parameters were assumed that the equivalent hydraulic properties still follow the same form of hydraulic property functions as the local ones did, but have the parameters in the hydraulic property functions replaced by the so-called effective parameters so that the hydraulic parameters can be used in heterogeneous soil and large-scale applications (Desbarats, 1998; Zhu and Mohanty, 2003; Zhu, 2008) . However, additional work is needed to determine effective hydraulic parameters across spatial scales, develop subsurface soil property databases, and implement the approach on spatially correlated pixels (Corwin et al., 2006) . Numerical simulation models, which were capable to validate the effective hydraulic parameters of the equivalent homogeneous medium, can be used to screen a promising upscaling practice that warrants future field studies among various upscaling practices. Therefore, in this study, three inverse modeling approaches were proposed to obtain effective hydraulic parameters of equivalent soil columns from field sampling data.
The objective of this study was to explore the validity of these three inverse modeling approaches. Thus, field sampling and numerical experiments were designed to simulate the water movement dynamics at field scale.
Materials and methods

Study site description
The field experiments were conducted at the Xuebai Experimental Station (103°03′ E, 38°54′ N, 1324 m a.s.l.) of Minqin Agricultural Extension Center of Gansu province, north-west China from July to August in 2005 (Fig. 1) . The experimental site was located in Minqin oasis, which is surrounded by Badanjilin desert at north and west sides and Tengger desert at east. It is a large and plain area and far from the highland or hills. The soil type is classified as the anthropogenic alluvial soil, and loamy fine sand and silt loams are the predominant textures for the surface soil (Minqin Water Conservancy Bureau, 1996) . The climate is classified as a typical continental temperate semi-arid climate with mean annual precipitation of 110 mm, which largely comes during the summer and fall months. The annual potential evaporation is about 2600 mm. The spring wheat (Triticum aestivum L.) was planted in the experimental plot.
Soil sampling and data collection
Totally three groups of sampling were conducted within the 120 m × 120 m experimental plot (Fig. 1) . The first group consisted of 30 (5-row × 6-line) sampling sites which separated by an interval of 20 m. At each site, soil samples have been collected at eight layers (0-20 cm, 20-40 cm, and so on, down to 160 cm). The second group consisted of 169 (13-row × 13-line) sampling sites which separated by an interval of 10 m. At each site, soil samples have been collected at two layers (0-10 cm and 10-20 cm). These samples were used to investigate the spatial structure of soil properties in the experimental plot. All these two groups of soil samples were collected by means of auger and then the soil particle size distribution had been measured using processed air-dry soil. Field measured soil texture data (Fig. 2) were used to derive the effective parameters of all 30 so-called homogeneous 'simulation units'. For the third soil sampling group, seven soil profiles of 200 cm in depth had been dug to detect the soil layer and to measure soil bulk density of each layer. The determined soil layer was shown in Fig. 3 .
In addition, 338 (2 × 169) undisturbed soil samples were taken at the 169 sampling sites by using core method. Firstly, a flat sampling Fig. 1 . The location and depth for soil sampling in an experimental plot located in the Shiyang river basin (shaded in the inset map of China).
platform at the depths of 10 cm and 20 cm were prepared with a spade, then standard sharpened steel 100-cm 3 Kopecky rings were driven into the soil using a dedicated ring holder. In hard layer, a percussion-free hammer was applied for hammering the ring holder with a minimum of vibration into the soil. Then, the soil-filled cylinder was carefully removed from the ring holder and the oversized soil was trimmed flush using a sharp knife. Samples with stones, charcoal or roots larger than 2 mm in diameter were rejected and re-sampled in the same horizon. The samples were transported and placed in the oven at 105°C for 24 h, and then weighed to determine the oven-dry weight of the sample. This was allowed to calculate soil bulk density (ρ b ). Bulk densities varied from 1.23 to 1.72 Mg m −3 . The particle size distributions were determined on disturbed soil samples using pipette method (Gee and Bauder, 1986) . To compute the transient soil water flow, HYDRUS-1D requires the soil hydraulic functions θ (h) and K (θ). Direct measurement of these soil hydraulic parameters is difficult, especially at regional scale. As an alternative, Rosetta (Ver 1.1) pedotransfer functions (Schaap, 1999) were applied, which relate θ (h) and K(θ) to the easy available soil information: soil texture and bulk density. Therefore, soil hydraulic parameters, such as soil saturated hydraulic conductivity (K s ), saturated water content (θ s ), residual water content (θ r ), and the shape factors α and n, were estimated by means of pedotransfer functions in present study. The statistics of soil hydraulic parameters in van Genuchten (1980) model (VG) of 30 soil profiles at each layer are given in Table 1. For the simulation period, daily meteorological data including air temperature, daily rainfall, wind speed, relative humidity, and solar radiation were measured in a weather station in the vicinity of the experimental field.
Geostatistics analysis of soil physico-hydraulic parameters
Soil is a spatially heterogeneous and structured porous media. The semi-variogram is used to analyze the spatial structure of soil properties and can be described as:
Where γ(h) is semi-variogram function; h is the lag (i.e. the distance between two sampling sites); N(h) is the pair numbers of sampling sites with a lag of h; Z(x) is measured values of the soil property.
The spatial relationships of soil clay, silt, and sand content in upper (0-10 cm) and lower (10-20 cm) layers at 169 sampling sites were calculated by using the Geo-analysis software (Zhang, 2004) . The variogram model type, range, nugget, and sill of all the soil properties were listed in the table (Table 2 ). The results indicated that the variogram of soil sand content and silt content can be fitted with linear model (Table 2) ; while a spherical model was suitable for the variogram of soil clay content. The range is 40.5 m and 52.15 m for the variogram of soil clay content in the layer of 0-10 cm and 10-20 cm, respectively.
Moreover, the spatial co-relationship of soil hydraulic conductivity K s at 169 sites in 0-20 cm, which were measured through Guelph infiltrometer, was calculated. The results indicated that it is strongly correlated for soil saturated hydraulic conductivity K s ; and the variogram of saturated hydraulic conductivity K s can be fitted with spherical model with a range of 61.42 m.
Numerical simulation and model description 2.4.1. Simulation scenarios
Four simulating scenarios were designed in this study and are described as follows: (1) Fine scale solution (scenario 1, S1): the simulation result of fine grid sampling (30 heterogeneous soil profiles) has been considered as the "fine scale solution" or "virtual reality" due to lack of field observations, then, the simulation results of other three scenarios have been compared with the "fine scale solution". (2) The vertically upscaling method (scenario 2, S2) was used to obtain 30 equivalent homogenous soil profiles with effective hydraulic parameters for 30 heterogeneous soil profiles by using PEST (Parameter ESTimation program) software package (Watermark Computing, 1994) . (3) The inverse modeling upscale method (scenario 3, S3): based on the simulation outputs of scenario 2, soil water content of 30 homogeneous soil profiles were averaged at each of eight depths and set as initial soil water content of an upscaled effective homogeneous soil column for the entire area. Then, the effective soil hydraulic parameters of this upscaled effective homogeneous soil column for entire area were obtained by using the PEST software package. (4) The block-Kriging upscale method (scenario 4, S4) was used firstly to integrate the soil hydraulic parameters of all the 30 effective soil profiles, which was obtained in scenario 2, to generate 9 sub-blocks of equivalent soil column by using the block-Kriging interpolation method, and then to obtain the effective soil hydraulic parameter of an upscaled effective homogeneous soil column for the entire area by means of arithmetic averaging. The simulation duration was seven continuous years from 2000 to 2006. The simulation period of 2000 to 2004 was used for determination of equivalent parameters. The boundary condition was in the natural meteorological condition. Then, we took the equivalent parameters as input of HYDRUS-1D; and the outputs of simulation (prediction) in 2006 were finally selected for comparison to verify the effective soil hydraulic parameters of equivalent homogeneous volume, which were obtained through three upscaling approaches (S2, S3 and S4).
Model overview and parameters setting
HYDRUS-1D (Šimůnek et al., 1998 ) is an integrated physical, biological and chemical process model and is widely used in modeling the soil water movement over and through the root zone (Sommer et al., 2003; Guber et al., 2006) . Three components of HYDRUS-1D input were involved in present study, i.e. Soil properties, Meteorological data, and Water uptake by root. According to the simulation scheme of present study, all inputs are same for the four simulation scenarios except for the soil profile properties.
(1) Soil water movement module In HYDRUS-1D, the governing equation in describing the onedimensional unsaturated soil water movement was a modified Richards' equation
S is the sink term indicating the effect of root water uptake [T
Where, h i is total soil water pressure, and is a function of the depth z. In our study, there was no runoff due to the low rain intensity and sandy soil texture, therefore the upper boundary condition was set as:
Where, q 0 is the net infiltration rate (i.e. the difference between the rain intensity and evaporation rate).
A free drainage condition was adopted in lower boundary:
Where L is the depth from the surface to bottom of flow domain, specifically, L = 160 cm in this study.
The water flow due to thermal and solute gradients did not take into account in this study.
(2) Root water uptake module
The sink term, S, is defined as the volume of water removed from a unit volume of soil per unit time due to water uptake by plant. Feddes et al. (1978) defined S as:
Where, β(h) is the water stress response function relating to rootwater uptake, S p is potential water uptake rate [T
−1
]. By introducing a non-uniform distribution of the potential water uptake rate over a root zone of arbitrary shape, S p is described as:
Where, T p is the potential transpiration rate [L T
]. The wheat root in Minqin is generally distributed within a depth of 0-50 cm, and the maximum root depth could be downward to 80 cm. Therefore, a linearly decreasing root distribution function and root depth of 80 cm along the profile were assumed in this study. The parameters in Wesseling (1991) for the root water uptake of wheat were selected.
(3) The calculation of evapotranspiration The upper boundary condition is determined by the potential evapotranspiration, and the rainfall and irrigation fluxes. The rainfall and irrigation events during the simulation period are shown in the figures and table (Fig. 4 , and Table 3 ). In this study, the FAO 56 recommended Penman-Monteith equation was used to estimate the reference evapotranspiration ET 0 (Allen et al., 1998) . The values of parameters or constant provided in the Liu et al. (1997) were adopted in this study. Assuming the surface resistance is 70s m −1 and is a constant, ground reflection is 0.23.
where,
The variables in Eqs. (8)- (13) ); R s is short wave radiation at surface
); n and N are the actual and theoretical sunshine hours, respectively (h); T max,k and T min,k are daily maximum and minimum temperatures, respectively (K); T mean is daily mean temperature (°C); σ is Stefan-Boltzmann's constant (4.903 × 10
); a = 0.25, b = 0. 5; Altitude is the elevation above sea of the monitoring station (m).
In field conditions where crops partly cover the soil, the ET 0 is partitioned into the potential soil evaporation E sp [L T
− 1 ] and the potential crop transpiration T p [L T − 1 ] using the leaf area index (LAI) as a function of crop development stage (Belmans et al., 1983) . According to the formulation presented in Braud et al. (2005) and Huygen et al. (1997) ,
Where LAI is Leaf Area Index [−], and λ is a constant and here is 0.5. We firstly calculate the daily LAI by fitting a regression curve to the observed LAI (Fig. 5) . Then, the reference evapotranspiration (ET 0 ) was calculated based on the LAI and ground surface coverage fractal. Finally, the ET 0 was separated into two parts: ground potential evaporation (E sp ) and potential transpiration (T p ) of crop.
(4) Inverse method with PEST The effective soil hydraulic parameters of the van GenuchtenMualem (VG) model were fitted with the PEST. The initial values of VG model parameters as specified during inverse optimizations are listed in Table 4 . Firstly, PEST runs the HYDRUS-1D with an initial guess of the parameters, then compares the model results with observations, adjusts selected parameters using an optimization algorithm and runs the HYDRUS-1D again. The nonlinear parameter estimation of Gauss-Marquardt--Levenberg method (Watermark Computing, 1994 ) is used for optimization algorithm. The procedure of adjusting selected parameters continues until the difference between the model results and observations or the number of iteration meets a preset criteria. The inverse problem is then to find an optimum combination of parameters that minimizes weighted least square objective function.
The soil water pressure head of eight depths (i.e. 0, 5, 20, 40, 60, 80, 120, and 160 cm) at three growing stages (i.e. before sowing, after irrigation, and after harvesting) has been selected for the objective function. The corresponding weights of observation at each depth were 1, 2, 2, 2, 2, 1, 1, and 1, respectively. Considering the minor contribution difference of soil at different part on controlling the process of infiltration and evaporation, relative larger weights were put for observations in upper part soil than those in the lower part except for the observation at surface, which has much more variation. After each run of optimization of soil hydraulic parameters, the outputs of soil water pressure head had been used to compare with those outputs with previous soil hydraulic parameters, then the next group of soil hydraulic parameters was adopted according to the For the simulation schemes of scenario 1 and scenario 2, we firstly ran the HYDRUS-1D based on the measured soil profiles data to obtain 30 soil water dynamics profiles, and took these profiles as the "fine scale solution". Then took the pressure head values of each soil profiles at eight depths of 0, 5, 20, 40, 60, 80, 120, and 160 cm and on three typical days (before sowing, March 15th, 2004; after irrigation, May 25th, 2004; and after harvesting, July 18th, 2004) as input, the effective soil hydraulic parameters of the 30 equivalent soil profiles were optimized by using inverse modeling with PEST software package.
It was assumed in this study that a spatially heterogeneous region can be equivalently represented by an ensemble of individually homogeneous soil. This hypothesis is valid only for areas without significant runoff and with deep groundwater levels (Singh et al., 2006) . The application of HYDRUS-1D model in such a distributed manner requires the derivation of all combinations of simulation units at field scale. Subsequently, the outputs of independent soil column runs of HYDRUS-1D are finally synthesized to evaluate the performance of upscaling methods at field scale. 
Performance indicators
(1) Soil water pressure head along the profiles
The distribution of soil water pressure head along the profiles is mainly governed by the soil hydraulic parameters. Therefore, it was an effective way to evaluate the performance of the upscaling methods by comparing the distribution of soil water pressure head at three specific dates (before sowing, after irrigation event, and after harvest).
(2) Variation of soil water content during the growing stage Soil water dynamics during the growing stage was another indicator which was commonly used to evaluate the performance of hydrological models. In addition, as the most important inputs, soil hydraulic parameters undoubtedly play a key role in soil water content simulations. Therefore, the variation of soil water content at three depths (e.g. 5, 40, and 80 cm) during the whole growing stage was selected as an indicator to evaluate the performance of the upscaling approaches.
To evaluate the overall correspondence of model output to the measured values, it is required to quantify the amount by which an estimated value differs from the 'true' value of the quantity being estimated. Such quantification describes how well the estimator describes the 'true' values. In this study, such differences between estimated values and the 'true' values were quantified using the following performance criterion: (i) Root Mean Square Error (RMSE), (ii) Mean Bias Error (MBE), and (iii) Mean Relative Error (MRE). The RMSE, MBE and MRE statistics are defined as:
Where P i is water content predicted by the model in scenario 2, O i is the simulated soil water content in scenario 1, and n is the number of observations. The RMSE and MBE are indicative of error and bias respectively, whereas the MRE gives the bias of the simulated versus observed values.
Results and discussion
The statistics of the optimized effective soil hydraulic parameters (scenario 2) were listed in Table 5 . The mean values of the upscaled van Genuchten parameters in Table 5 are comparable with those in Table 1 (scenario 1), except for the residual water content. Meanwhile, the range and standard variation of the effective soil hydraulic conductivity decreased remarkably. The measured soil hydraulic conductivity showed a strong variation while the variation of the effective soil hydraulic conductivity was moderate.
Quantile-Quantile distribution plot (i.e., Q-Q plot) is generally used to determine whether the distribution of a variable matches a given distribution. If the selected variable matches the test distribution, the points cluster around a straight line. The Q-Q distribution plots of the upscaled effective soil hydraulic parameters were shown in Fig. 6 . The Q-Q distribution plot showed that the distribution of soil saturated hydraulic conductivity was neither normal nor log-normal. Moreover, the Kolmogorov-Smirnov test showed that the distribution of residual water content (θ r ), saturated water content (θ s ) and alpha (α) are normal; but the soil saturated hydraulic conductivity (K s ) and parameter of n are not normal distribution.
The distribution map of soil water potential head of the 30 soil profiles on three typical days for both simulation scenarios (S1 and S2) were shown in Fig. 7 . In general, the simulation result of soil water distribution of the equivalent soil profiles with effective soil hydraulic parameters are fairly good as compared to those of the heterogeneous soil profiles. On each of the three typical days, the soil water potential head of the two scenarios are very similar to each other. Even on the 25th of May (after irrigation), the simulated soil water distribution of most of the equivalent profiles showed fairly agreement with that of the heterogeneous soil profiles, although the soil water potential head along the profile had a large variation. However, for the soil profiles of No. 3, No. 22 and No. 25 , the distribution of soil water potential head was quite different with that of the corresponding heterogeneous soil profile for all the three typical days. One common characteristic in these soil profiles was that there is thin clay layer at the depth of 25-80 cm. Just as stated in Erdal et al. (2012) , parameter estimation for the layered structure is more difficult compared to the random profile because of the complex structure. The effective hydraulic parameters, consequently, could not be optimized properly.
The results in Table 6 showed that the RMSE for the soil profiles of No. 4, No. 21, No. 22, and No. 23 are relatively high; this was consistent with the presentation of soil pressure head distribution map. The MRE for most soil profiles was less than 30% and showed a good simulation result. The maximum value of MRE reached 66.0% and was presented in soil profile of No. 30. As indicated in Sadeghi et al. (2014) , the effective hydraulic conductivity function would have a more complex shape than the VG function depending on the orders of the soil layers. The VG function may no longer fit the effective function. So, the inverse modeling in this study (fitting one VG function) to the whole profile would result in some discrepancies. However, it is reasonable to represent a heterogeneous soil profile with a homogeneous one by using the inverse method; at least the soil water distribution in these two scenarios was comparable with each other.
To evaluate the effectiveness of the equivalent soil profiles in another view, we selected the soil water dynamics in the whole growing stage at the depth of 5 cm, 40 cm, and 80 cm as reference, and compared with those values in scenario 2 (Fig. 8) . Overall, the soil water dynamics (Fig. 8) in the whole growing stage at all the three different depths for the simulation scenario 1 and scenario 2 were close to each other, and most of the simulation results were similar to each other, even at some of the points such as the maximum, minimum, and inflexion point.
Furthermore, at the depth of 40 cm, most of the simulated soil water dynamics with effective soil hydraulic parameters in scenario 2 showed relatively higher difference as compare to the fine scale solution in scenario 1 (Table 7) ; while at the depth of 5 cm and 80 cm, the simulation results of scenario 1 and scenario 2 were comparable for most soil profiles. The strong variation of soil water distribution was probably due to the complex processes (e.g. infiltration, evaporation, transpiration, and so on) coexisted at the depth of 40 cm. Shafiei et al. (2014) also concluded that different spatial variability of soil hydraulic parameter can lead to quite different simulated soil moisture dynamics and parameter estimation at field scale.
Statistics of actual evaporation (E a ), actual transpiration (T a ), actual evapotranspiration (ET a ) and deep percolation of 30 soil columns during the growing stage of spring wheat was listed in Table 8 . The data showed that the E a , T a , ET a and deep percolation of 30 soil columns in scenario 2 were comparable with those in scenario 1 during the whole growing stage. The variation range of E a and ET a in scenario 1 was larger than that in scenario 2. This may be due to the larger variation of soil hydraulic parameters in scenario 1. Based on the effective hydraulic parameters of the equivalent soil profiles obtained in scenario 2, we further upscaled the soil hydraulic parameters of the 30 soil profiles to a larger area by separately using the Inverse modeling (scenario 3) and Block-Kriging (scenario 4) method, and finally obtained the effective hydraulic parameters of an upscaled equivalent soil column, respectively. The obtained effective hydraulic parameters (mean values for scenario 1 and scenario 2) of the four scenarios were listed in Table 9 . The data showed that mean value of residual soil water content in scenario 1 was higher than that in other three scenarios, while the soil saturated hydraulic conductivity was smaller in scenario 1 than that in other three scenarios. Overall, the soil hydraulic parameters for all the four scenarios were close to each other, and the mean values of the effective soil hydraulic parameters in scenario 2 was more closer to the values in scenario 4.
Soil water pressure head along two equivalent soil columns (S3 and S4) and the range of corresponding "fine scale solution" (S1) at three typical time were showed in Fig. 9 . In general, the simulation results of different scenarios (S3 and S4) were comparable with each other; the soil water pressure from both of them was close to the median for the scenario 1 (S1). In addition, the dynamics of soil water content of the two equivalent soil columns (S3 and S4) during the growing stage in the year of 2006 was showed in Fig. 10 . Although the difference at the depth of 40 cm was significant, the soil water content for the scenario 3 and scenario 4 always showed similar variation trend during the growing stage in 2006. It indicated that the two upscaling approaches showed similar effects in determining the effective hydraulic parameters. In another word, both of the soil bodies which respectively obtained through the inverse modeling and block Kriging were equivalent to the fine scale solution.
The soil water flux at different depths of the four simulation scenarios and the water balance component of the four simulation scenarios were listed in Tables 10 and 11 , respectively. Although the soil water flux for scenario 2 were most closest to those in scenario 3. There was no notable difference in water balance components between the scenarios. It further confirmed the finding that both of the soil bodies which respectively obtained through the inverse modeling and block Kriging were equivalent to the fine scale solution.
Moreover, the five parameters in VG model for each soil layer of the 30 soil columns were compared with the corresponding effective values of the VG parameters in other two scenarios (S3 and S4) (Fig. 11) . For all the 30 soil columns in scenario 1, the median of K s values in the first layer, as compared to that in other soil layers, was most closest to the effective K s values for other three scenarios; and the effective K s values for those three scenarios were also close to each other. The distribution of θ s values showed a rather broad range among the eight soil layers, the median of θ s values for the top three layers were close to the effective θ s values of scenario 2 and scenario 3, but fairly smaller than that of scenario 4.
On the contrary, the distribution of θ r values was quite different from that of K s and θ s . The median of θ r values of all the eight soil layers in scenario 1 was much greater than the effective θ r value of other three scenarios; while the median of effective θ r value of scenario 2, the effective θ r value of scenario 3 and scenario 4 was close to each other. In another word, it was difficult to use θ r data of any layer of the 30 soil columns to represent the whole soil column. For the parameter of n and alpha, the medians for the eight soil layers of all the 30 soil columns in scenario 1 showed little variation and were comparable to the median of effective θ r value of scenario 2, and to the effective θ r value of scenario 3 and that of scenario 4.
However, as the results in Table 12 indicated, the water pressure head, soil water content, and the evaporation showed little variation while the residual soil water content gradually increased. The soil water content showed larger relative error than that of evaporation, but all of them were within the range of ± 20%. The relative error of evaporation was less than 2% even the residual soil water content was tripled. In another word, the soil water dynamics is not sensitive to residual soil water content. The performance of the effective VG parameters generated by using the three inverse modeling approaches was reliable, even if the generated residual water content was not stable.
Conclusions
The feasibility and validity of the three inverse modeling approaches were investigated and tested based on one-dimensional numerical modeling of the soil water dynamics process. We confirm that there are no unique effective average properties for a heterogeneous field that give the best field average soil water content profiles for both infiltration and redistribution. Although, the parameter estimation for the layered structure is more difficult due to the structure complexity, it is feasible to use the PEST model combined with the HYDRUS-1D to inversely determine the effective hydraulic parameters of the equivalent soil profile. The results of the upscaling procedure showed that the inverse modeling approach performed well in simulating the soil water distribution and/or dynamics, but still needs to be improved for Fig. 9 . Comparison of soil water pressure head along two equivalent soil columns with 'fine scale solution' at the date of (a) before sowing; (b) after irrigation; (c) after harvesting in 2006 (the square at each depth was the median of 30 soil profiles; the error bar was the 10% and 90% percentile, respectively). layered soils, especially with fine-textured soil layer. In another words, Inverse modeling method discussed in present study can be a useful approach when an effective model is sought for a larger scale than the observation.
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